MODIS images were simultaneously acquired and predictive empirical models were 1 parametrized. Two methods of estimating FMC and CWC using different field protocols were 2 tested in order to evaluate the consistency of the metrics and the relationships with the 3 predictive empirical models. In addition, Radiative Transfer Models (RTM) were used to 4 produce estimates of CWC and FMC, which were compared with the empirical ones. 5
Results revealed that, for all metrics spatial variability was significantly lower than temporal. 6
Thus we concluded that experimental design should prioritize sampling frequency rather than 7 sample size. Dm variability was high which demonstrate that a constant annual Dm value 8
should not be used to predict EWT from FMC as other previous studies did. Relative root 9 mean square error (RRMSE) evaluated the performance of nine spectral indices to compute 10 each variable. Visible Atmospherically Resistant Index (VARI) provided the lowest 11 explicative power in all cases. For proximal sensing, Global Environment Monitoring Index 12 (GEMI) showed higher statistical relationships both for FMC (RRMSE = 34.5%) and EWT 13 (RRMSE = 27.43%) while Normalized Difference Infrared Index (NDII) and Global 14 Vegetation Monitoring Index (GVMI) for CWC (RRMSE =30.27% and 31.58% 15 respectively). When MODIS data was used, results showed and increase in R 2 
and Enhanced 16
Vegetation Index (EVI) as the best predictor for FMC (RRMSE=33.81%) and CWC 17 (RRMSE=27.56%) and GEMI for EWT (RRMSE=24.6%). Differences in the viewing 18 geometry of the platforms can explain these differences as the portion of vegetation observed 19 by MODIS is larger than when using proximal sensing including the spectral response from 20 scattered trees and its shadows. CWC was better predicted than the other two water content 21 metrics, probably because CWC depends on LAI, that shows a notable seasonal variation in 22 this ecosystem. Strong statistical relationship was found between empirical models using 23 indices sensible to chlorophyll activity (NDVI or EVI which are not directly related to water 24 content) due to the close relationship between LAI, water content and chlorophyll activity in 25 grassland cover, which is not true for other types of vegetation such as forest or shrubs. The 26 empirical methods tested outperformed FMC and CWC products based on radiative transfer 27 model inversion. 28 
29

Introduction 30
Water in leaves is a limiting factor for different physiological processes of vegetation and its 31 deficit causes malfunctioning of different cellular processes. Water is involved in the thermal 32 regulation of plant trough transpiration and also becomes crucial in the uptake of where Area denotes for the area of the spatial unit used to collect the sample. 2 FMC, EWT or CWC are usually estimated from vegetation samples using gravitational 3 methods. Different field and laboratory protocols are used, despite of the need for 4 standardization (Yebra et al., 2013) . In several studies FMC is sampled using a bag were 100-5
200g of the fresh sample are introduced and considered as representative (Verbesselt et al., 6 2007;Chuvieco et al., 2003) . In other studies vegetation is sampled within a quadrant whose 7 area is used as reference (Sims and Gamon, 2003) . However, uncertainties introduced by the 8 different protocols and therefore their comparability are unknown. The three metrics can be 9 used to measure water content, but relationships existing among them remains also unknown. 10
No comparative studies for grasslands have been reported. 11
Moreover, field sampling is limited and cannot provide estimates at regional or global scales, 12
since it requires interpolation to bridge the gaps in both time and space. Remote sensing is a 13 powerful alternative data source to provide information on vegetation water content as it fills 14 such temporal and spatial gaps. Monitoring vegetation water content with remote sensing 15 benefits agriculture, to control crop production and prevent stress in plants (Peñuelas et 
Site description 29
The study site is located at Las Majadas del Tiétar (Spain) FLUXNET site 30 (http://fluxnet.ornl.gov/site/440, last accessed 2014/06/05) (Fig. 1) . The area is a dehesa, a 31 typical Mediterranean wooded grassland, ecosystem that occupies about 4% (2. Six 25 x 25 m plots were randomly located within the 500 m MODIS pixel that contained the 27 eddy covariance flux tower that was stablished as the center of the study site ( Fig. 1 ). Three 28 grass samples were collected from 25 x 25 cm quadrants randomly positioned within each 29 plot. All rooted grasses were collected inside the quadrant using clippers (IQ Sample hereafter). 30
Additionally, a different sampling strategy was tested and a smaller sample was collected 31 outside of the quadrant but nearby, containing a representative proportion of surrounding 1 species (OQ Sample hereafter) (Fig. 2) . All samples were placed in sealed plastic bags, weighed 2 on a scale with 0.01 g precision and then transported in a cooler to the laboratory. Every 3 OQ Sample and a sub-sample from each IQ Sample were scanned at 150 pixels per inch (ppi) in an 4
Epson Perfection V30 color scanner (Epson American Inc., Long Beach, CA, USA). Leaf 5 area was calculated automatically from the scanned images using the unsupervised 6 classification algorithm ISOCLUS with 16 iterations in PCI Geomatica (PCI Geomatics, 7
Richmond Hill, Ontario, Canada). All samples were then placed in an oven for 48 hours at a 8 constant temperature of 60°C to obtain their dry weigh. Five biophysical variables were 9 obtained from the collected vegetation samples: FMC, EWT, Dm, CWC and LAI. 10 FMC was determined from the fresh and dry weights of both the IQ Sample (FMC IQ ) and the 11 OQ Sample (FMC OQ ) according to Eq. 1. The OQ sample permitted to calculate both, EWT and Dm 12 using Eq. 2 and Eq. 4 respectively, since fresh/dry weight and leaf area were measured. The 13 IQ sample was not used in this case as it was unfeasible to obtain the area of the total sample 14 collected inside the quadrant and neither the fresh weight of a sub-sample. 15 CWC was calculated from two different approaches. In the first one, information 16 corresponding to the IQ sample and OQ sample were combined using Eq. 5 17
The grass height was very short due to cow shepherding during some periods, so the only 18 feasible technique to estimate LAI, was using gravitational methods recorded, instrument settings were optimized and reference spectra were acquired using a 6 Spectralon® 99% reflective reference panel (Labsphere Inc., North Sutton, NH, USA). All 7 measurements were taken under clear sky within about ±2 hours from local solar noon, to 8 guarantee homogeneous illumination and maximum solar irradiance. Sky conditions were 9 recorded in the field logs, and a quality control check removed the spectra where illumination 10 changes may have occurred after calibration. The ASD was handled using bare fiber. Spectra 11 were acquired at approximately 1.2 m height, rendering a sensor footprint diameter of about 12 53 cm, since nominal FOV is 25º. 13 An average of approximately 10 spectral measurements was calculated for each transect and 14 this information was spectrally resampled to MODIS bands using ITT ENVI 4.7
. (EXELIS, 15
Boulder CO, USA). 16 The impact of angular effects on reflectance was reduced by removing images with sensor 25 zenith angles wider than 20°, which also assures the accuracy of the geometrical location of 26 the pixel (Wolfe et al., 2002) . In addition, the quality flag layer eliminated images under 27 clouds, cloud shadows and/or with high atmospheric aerosol content. The algorithm selected 28 the closest valid MODIS image to the field sampling day within ±+ 5 days window, or the 29 MODIS image acquired before the sampling day in case they were equal. Minimal time lag 30 between sensor and field data reduces the chances of discrepancy, as grassland grazing could 31 affect LAI in a short period of time. This leaded to a total of 14 days of MODIS data with 1 coincident proximal sensing measurements and field data. 2
MODIS data images
Vegetation indices 3
For the study 9 spectral indices were calculated from proximal and MODIS reflectance data 4 according to the equations in Table 1 2013)). As for the empirical models, the spectral information used to run the RTMs was 12 the one obtained using proximal sensing and MODIS data. Further details on this method can be found in Trombetti et al. (2008) . 24
FMC
25
The FMC estimates are based on Look Up Table ( 
LUT) inversion technique. This technique 26
compares each observed spectra against previously generated spectra stored in a LUT. In this 27 study two LUTs were tested. One specifically designated for grassland based on the study of 28 Yebra et al. (2008b) and that was generated using PROSAILH (Jacquemoud and Baret, 1990). 1
The second LUT was generated using a link between PROSAILH (Jacquemoud and Baret, 2 1990) at leaf level and GEOSAIL RTM (Huemmrich, 2001) at canopy level and originally 3 proposed to estimate FMC in a mixed-oak-tree-grassland cover (Jurdao et al., 2013 ). This 4 model includes some additional parameters that allow to account for shadows, especially 5 important in areas with disperse tree coverage as is the case in our study site. 6
Further details on these methods can be found in Yebra 
Empirical models fitting 21
All variables showed similar temporal evolution, a strong variability controlled by the 22 meteorological conditions with a peak in spring and second minor peak in the winter except 23 Dm (Fig. 3) . Dm fluctuated throughout the year and exhibited its highest values in the 24 A low intra-group R 2 for all the variables indicates a low spatial variability between plots 7 (Fig. 4) . Contrary, the high inter-group R 2 also for all variables points to the high temporal 8 variability between sampling dates. The main differences between variables occurred for 9 overall R 2 . Similar overall and inter-group R 2 values for CWC OQ and FMC OQ indicated that 10 the combination of the temporal and spatial factors matched in importance each factor on its 11 own. Instead, overall R 2 for CWC IQ and FMC IQ laid in between the inter-group and the intra-12 group R 2 underling the temporal factor as the main source of variation. GEMI offers the best 13 R 2 for all variables while VARI had the weakest R 2 . 14 The explicative model with the highest R 2 to retrieve each variable differed between proximal 15 sensing and MODIS (Fig. 5) . FMC OQ and FMC IQ showed the best correlations with GEMI 16 from proximal sensing data but EVI was the index that presented the highest R 2 when using 17 MODIS images. EWT offered the poorest adjustments among all variables analyzed both for 18 proximal sensing and MODIS data. In this case GEMI was the best predictor. NDII and 19 GVMI were the most accurate predictors for LAI, CWC OQ and CWC IQ with proximal sensing. 20
When using MODIS, the most accurate results for LAI were achieved with NDII and GVMI, 21 but EVI did so for CWC OQ and CWC IQ . When the IQs ample was used instead of the OQs ample , 22 both FMC and CWC showed higher R 2 results (Fig. 5 ) with lower RRMSE, although the 23 RRMSE results obtained presented small differences (Fig. 6) . 24
Smaller confidence intervals of R 2 were observed when proximal sensing reflectance was 25 used with the exception of EWT in which MODIS presented smaller intervals. 26
Comparing performance between empirical based and RTM estimates 27
Taylor diagrams in Figs. 7 and 8 compare FMC and CWC estimates using spectral indices 28 and RTM. In the case of FMC IQ from proximal sensing (Fig. 7 left) , RTMs are distant from 29 empirical index-based models. They presented higher RMSE and lower r than the spectral 30 indices whereas RTM SD was more similar to the observed values. In the case of FMC IQ 31 estimated from MODIS (Fig. 7 right) , RTMs were closer to the empirical models in the 1 Taylor diagram and therefore perform more similar to those. For CWC IQ (Fig. 8) , the 2 differences between the empirical and RTMs are larger. Using proximal sensing data (Fig. 8  3 left), RTM overestimated the SD of the observed CWC IQ . Using MODIS (Fig. 8 right) , RTM 4 showed a very high overestimation of the CWC IQ . 5
Temporal evolution of the biophysical variables estimated using the most explicative model 6 for proximal sensing and MODIS in Fig. 5 and 6 are shown in Fig. 9 . Fitting equations for the 7 different variables are shown in Table 2 . Both sensors predicted well EWT, FMC IQ and 8 FMC OQ but showed an overestimation, especially during the dry season. Contrary, the models 9 for LAI, CWC OQ and CWC IQ adjusted well even during the dry season. successfully predict seasonal variations in EWT and CWC. However, our study suggests that, 19 due to the high seasonal variation in Dm, a constant annual value would not be recommended 20 in grassland ecosystems as the one analyzed in this work. 21 The high inter-group and low intra-group R 2 implies that the temporal trend is much more 22 critical than the spatial variation within the MODIS pixel (Fig. 4) . Therefore, the strategy to 23 better capture the variability of grass water content in this ecosystem should consist in 24 increasing the number of samples in time and but sampling less number of plots per day. In 25 addition, CWC IQ and FMC IQ , generated from larger sample sizes than CWC OQ and FMC OQ , 26 presented higher inter-group R 2 values, which indicate a better characterization of the 27 temporal variability. Even though similar conclusion were obtained using the two strategies 28 the results in this study showed that the higher R 2 are found in the case of the IQ Sample . Using 29 the quadrant also presented some advantages as it allows not just the retrieval of FMC but 30 also CWC (as in Eq. 6) without going through the time consuming leaf scanning process to 31 retrieve leaf area needed to estimate EWT. This suggests the need to standardize sampling 32 protocols for the estimation of vegetation biophysical parameters to ensure data quality, 1 repeatability and to facilitate accurate cross comparison from different studies. Some 2 initiatives already exist to facilitate this standardization, as the Global Terrestrial Carbon 3 System (GTOS) guidelines in support of carbon cycle science (Law et al., 2008) . However, 4 currently there is no international backbone that ensures this and an agreement in the 5 protocols is needed in order to validate remote sensing products. 6 CWC was better predicted than the other two water content metrics, FMC and EWT (Fig. 4) . 7 CWC depends on LAI which is showing higher correlation values to the empirical models 8 than other metrics such as FMC or EWT. Some studies have shown that LAI contributions to 9 total reflectance variability is much higher than water (Bowyer and Danson, 2004) to water in the SWIR region. In addition, it is remarkable that MODIS estimations presented 31 higher R 2 than proximal sensing. Bootstrap confidence intervals indicated that R 2 and 32 1 also observed different correlations between indices and platforms and the discrepancies here 2 need further investigation. The difference in the confidence interval amplitude between 3 proximal sensing and MODIS can be explained because the pixel included not only grass but 4 also trees, their shades, and other marginal covers like bare soil and a water pond (Fig. 1), and  5 its view angle could be up to 20° whilst proximal sensing measures only two transects within 6 each of the six plots and provides only nadiral measurements of herbaceous cover which 7 could be more affected by the soil signal. 8
Similarly to this study, Casas et al. (2014) reliably predicted water content variables in 9 California (USA) from GEMI, NDII and EVI using simulated MODIS spectral response from 10 airborne hyperspectral AVIRIS instrument. In their case, it was actually VARI the most 11 accurate for grasslands (FMC and CWC), chaparral (EWT, FMC and CWC) and a 12
Mediterranean oak forest (EWT). Contrary, VARI showed very poor accuracies in our case to 13 estimate FMC, EWT and CWC, but was still capable of capturing the variability in LAI (Fig.  14   4) . This fact also contradicts other studies that predicted FMC from VARI on chaparral 15 considering that the FMC inversion models were not calibrated with any data from the field 24 campaign and that the results were similar to those obtained using empirical approach (Fig. 7)  25 we believe that the models can be applied in other similar areas. This work showed a complete analysis of three metrics, EWT, FMC and CWC, to measure 2 grass water content at two different spatial scales by using proximal sensing from a field 3 spectroradiometer and MODIS images. The temporal changes in these metrics are more 4 critical than their spatial variation within the MODIS pixel. Results indicated that larger 5 samples collected using quadrants as spatial reference sampling units are more representative 6 than small samples in order to follow the temporal trends in FMC and CWC. Protocol 7 standardization should be considered to make different dataset comparable both spatially and 8 temporally. Due to the high seasonal Dm variability, a constant annual value should not be 9 used to estimate EWT from FMC in this ecosystem. The dependence of CWC on LAI makes 10 this vegetation water content variable easier to predict than FMC or EWT in grasslands due to 11 the strong existing link between LAI, water content and chlorophyll activity. . In this study the index was 2 calculated using the spectral bands from MODIS corresponding to that B2 for the NIR 3 and B5 for the SWIR regions 4 Table 2 : Empirical fitting equations obtained after bootstrap. Table 2 . 5 6
